Abstract
Introduction
Gender gaps in a variety of labor and educational are well documented. The structural reasons behind these gaps, however, are not fully understood. This paper contributes to the literature by studying gender differences in a framework in which schooling decisions and labor market outcomes are endogenously determined. Our framework also allows individual heterogeneity not only from the point of view of observable characteristics but also from that of unobserved variables. We assume that individuals know this additional source of heterogeneity, and they base their schooling and labor market decisions on it. Unobserved heterogeneity therefore plays a crucial role in our approach.
Ours is a challenging task for several reasons. First, a comprehensive analysis of gender differences in a variety of outcomes is subject to the usual and irremediable data limitations.
Second, the natural complexity associated with econometric models of multiple, endogenous, and correlated outcomes usually makes these models empirically unappealing. And finally, the fact that we allow individuals decisions to depend on variables unobserved by the researcher but known to the agent represents an additional challenge of our approach.
We nonetheless deal with each of these difficulties. First, we utilize a new data set from Chile that contains detailed information on labor market and schooling outcomes at the individual level. Second, following the analysis of Heckman, Stixrud and Urzúa (2006) , we postulate a simple factor structure model based on economic theory that allows us to deal with multiple endogenous variables. And finally, we interpret this factor as unobserved heterogeneity since the researcher does not need to know the individual's factor level (although it is assumed to be known by the individual). We argue that the factor represents a combination of different skills (cognitive and personality skills).
As noted above, we implement our approach using new information from Chile. The
Chilean case provides an interesting example of apparently huge gender gaps in different dimensions of the labor market. Table 1 presents (SPS02), which is the source of information used in this paper. This survey is described in detail in Section 2.
The evidence in Table 1 provides an initial flavor of the gender differences that motivate this paper. A comparison of the schooling outcomes (Panel A in Table 1 ) leads us to conclude that, on average, (i) women are slightly more educated than males, (ii) women are less likely to repeat a grade in both primary and secondary school, and (iii) women display better performance in school than males (measured by the average grade in secondary school). However, this educational advantage of women over men seems to have no consequences in the labor market.
The evidence in Panel B illustrates this point, showing that males overwhelmingly dominate females in every dimension of the labor market (monthly earnings, employment, and experience). This paper studies the factors explaining these gender differences in labor market and schooling outcomes. The paper is organized as follows. Section 2 describes the data. Section 3 presents evidence on the differences in labor market outcomes between males and females using a conventional approach. Section 4 introduces our model and discusses its empirical implementation. Section 5 presents a discussion of our results. Section 6 concludes. We use the sample of individuals with ages in the range of 28 and 40 years, representing approximately 21 percent of the original sample (3,566 versus 17,246) . 2 We restrict the ages of the sample for several reasons. First, since the information on labor history begins only in 1980
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(or since age 15), by using individuals 28-40 years old we assure that the individuals in our sample report complete labor histories from age 18. Second, since schooling is a critical ingredient of our analysis, by excluding individuals 27 years old and younger we focus our attention on individuals who have most likely reached their final schooling level at the time of the interview. Finally, it is worth noting that the current Chilean schooling system was designed only in the early 1980s. Therefore, since our analysis includes information on the characteristics of the primary and secondary schools in which the individual was enrolled, by restricting the analysis to individuals aged 28-40 we assure that such information is comparable across the individuals in our sample. Table A .1 presents the summary statistics of the variables used in this paper.
The Conventional Gender Gap Analysis
The gender differences in labor market outcomes are usually analyzed in the context of linear models in which the variable of interested is regressed on the gender dummy variable and set of additional controls. The coefficient associated with the gender dummy is interpreted as the estimated gender gap. Given its popularity, our first attempt to quantify gender gaps closely follows this idea. Table 2 presents the results from the following model of (log) hourly wages (lnW):
2 Our sample is obtained after considering the following exclusions. We first exclude the military sample (57 individuals) and individuals reporting as occupation "family member without salary" (12 individuals). Then, we exclude individuals 27 years old or younger and 41 years old or older. This reduces the sample from 17,177 to 5,439. Finally, individuals with missing values in any of the following variables are excluded: "years of education," "mother's education," "father's education," "growing up in poverty" and "growing up in a single-parent household." This exclusion reduces the sample to the final 3,566 individuals. It is worth noting that the final exclusion is required, since for each individual we need to have valid values for the controls entering in the schooling decision model presented in Section 3.1. 3 A more general analysis of the schooling decisions would require a dynamic model for schooling choices. The SPS02 does not allow us to carry out such an analysis.
where Gender represents the gender dummy (Gender=1 if individual is Male and 0 if Females), X represents individual's observable characteristics, and U is the error term in the regression. In this simple model, the (conditional) gender gap is simply φ. Each column in Table 2 represents a different specification of (1). In particular, column (A) presents the results of a model in which we include the characteristics of both place of residence and occupation in the vector of controls X. Column (B) adds a set of variables controlling for the individual's accumulated experience and column (C) adds to the controls in (B) a set of variables controlling for schooling levels. The results indicate that males make approximately 23 percent more than females in terms of hourly wages. This gender gap is statistically significant regardless of the column analyzed.
The last model in Table 1 (column D) includes a correction for the fact that the labor market outcome is reported only for individuals working (Heckman, 1974 and 1981) . This is particularly important given the gender differences in employment rates reported in Table 1 (panel B). Thus, the model in column D is:
where 1[A] is an indicator function that takes a value of 1 if A is true and zero otherwise, Z is a vector of observables and V represents the unobservables. D=1 [.] is the censoring rule for wages.
In Z we include variables such as number of children, whether or not the individual grew up in a poor household, and mother's and father's occupational status. The estimated gap after correcting for selection is 29 percent, and it is statistically significant. Thus, after controlling for selections, we find not only a significant but also a larger gender gap in wages (compared to the gaps estimated without using the correction). This fact illustrates the importance of paying particular attention to individual's endogenous decisions (in this case employment decisions) when analyzing gender gaps. We exploit this point in the following section.
The analysis of gender gaps in wages is interesting and important, but it represents only one dimension of many among which males and females can differ. We first extend our analysis to the case of monthly hours worked. We model (log) hours worked using a linear-in-parameter models similar to (1) and the same set of controls as the ones utilized for wages. Table 3 presents the estimates of gender gaps in this case. The structure of this table is identical to the one used in Table 2 . The results from columns (A), (B) and (C) suggest that males work approximately 11 percent more hours per month than females. This difference is statistically significant, and it is stable across the three specifications. However, the last column in Table 3 presents (again) a different story. Unlike the results for wages, the correction for selection significantly reduces the gender gap in hours worked. The estimated gap is only 0.04 percent, and it is not statistically significant.
We also extend our analysis to employment status. In this case, we use a probit model instead of a linear regression model. Table 4 presents the results for three different specifications.
For each specification, we present both estimated coefficients and estimated marginal effects. 4 The results indicate that males are 22 percent more likely to report employment (during the month previous to the date of the interview) than females when schooling and experience are excluded as controls. When schooling or schooling and experience are included as controls the estimated gap is 14 percent. The gaps are statistically significant regardless of the specification.
In summary, the results show that men dominate women in every labor market outcome.
Additionally, the results are robust across different specifications and only in the case of hours worked and after controlling for selection do we find neither sizeable nor statistically significant gender differences.
Notice that up this point we have treated the individual's schooling decisions and accumulated experience as exogenous controls. However, these variables can also be subject to gender differences. Tables 5 and 6 present evidence on this point. The implications of separate analyses of schooling choices and accumulated experience on our previous results are left for the next section, where they are discussed in the context of a more general framework than the one described here. 5 We model accumulated experience assuming that, whatever experience level is observed in the sample, it is the result of a decision involving three alternatives: less than 10 years of experience, between 10 and 15 years of experience, and more than 15 years of experience. This decision is assumed to depend on the schooling level of the individual as well as on his family background (mother's and father's education, broken home, age, and growing up in poverty).
Given this set up, we compute the gender gaps in accumulated experience by estimating a multinomial probit model. Table 5 presents the estimated coefficients and marginal effects. The estimates associated with the gender dummy are all significant and suggest that males are considerably more likely to report more experience than females. Specifically, males are 40 percent less likely to report less than 10 years of experience and 29 percent more likely to report more than 15 years of experience than females.
The analysis of gender differences in schooling decisions can also shed light on the previous results. On the one hand, if males are in fact more likely to report higher schooling levels than females (after controlling for observable characteristics), then the gender differences in labor market outcomes (including accumulated experience) could be simply interpreted as the result of gender differences in accumulated human capital. On the contrary, if females are more likely to report higher schooling levels than males, then the estimated gender differences in labor market outcomes could be interpreted as downward-biased estimates of the actual gaps. Table 6 sheds light on existence of gender gaps in schooling decisions. It presents the coefficients and marginal effects obtained from a multinomial schooling choice model. The model is estimated using the maximum schooling levels reported by the individuals in the sample. The schooling levels considered are: primary school, secondary school, some postsecondary education, and complete tertiary education (college graduates). The results show that (if anything) females are more likely than males to reach higher schooling levels.
The advantage of females over males in schooling achievement/attainment is confirmed in Table 7 . This table presents the estimated gender gaps for three variables measuring schooling performance: probability of a grade repeated during primary school, probability of a grade repeated during secondary school, and average grades during secondary school. For each variable we consistently observe that females outperform males. Males are 7 percent and 4 percent more likely to repeat a grade during primary and secondary school, respectively, and males on average have significantly lower grades during high school than females (0.31 points of test's standard deviation).
Therefore, the evidence presented in Tables 6 and 7 leads us to conclude that females should be better prepared than males to face the labor market. This also implies that by not including the gender differences in schooling variables our previous results might be underestimating the actual unexplained gender gaps (or discrimination). We analyze this possibility by introducing a more general model in which schooling decisions, schooling achievement, employment decisions, accumulated experience, hours worked and hourly wages are modeled jointly.
A Model of Schooling and Labor Market Outcomes under Unobserved Heterogeneity
The model in this section follows the analysis in Heckman, Stixrud and Urzúa (2006) and Urzúa (2008) . These papers estimate economic models with multiples sources of unobserved heterogeneity (unobserved cognitive and non-cognitive skills). Conditioned on observables, these unobserved factors account for all of the dependence across choices in the model. The results confirm that cognitive and non-cognitive abilities play a crucial role explaining a variety of labor market and behavioral outcomes.
In this paper we postulate the existence of only one underlying source of unobserved heterogeneity. This is mainly due to data limitations. Specifically, even though the SPS02 contains rich information on variables not previously available, it does not contain enough variables allowing the identification of multiple sources of unobserved heterogeneity. Consequently, we interpret our single source of unobserved heterogeneity as a combination of cognitive and non-cognitive abilities. 7 The identification of its distribution is discussed in Section 3.4 below.
Let θ denote the unobserved heterogeneity or latent ability. We assume this latent ability determines the individual's schooling and labor market outcomes, and that there are no intrinsic differences between males and females regarding θ, so that we can work with an overall distribution for θ.
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6 See Carneiro, Hansen and Heckman (2003) for a detailed discussion of identification arguments in the context of models with unobserved heterogeneity. 7 We expect to extend our model to a multi-factor model in which we can precisely distinguish between cognitive and non-cognitive abilities. 8 The alternative would have been the estimation of gender specific distributions. We consider this an attractive possibility. However, given the data limitations (sample size) and the large number of parameters in the model, we prefer to follow a simple analysis by considering an overall distribution for θ. Future research should consider the potential differences in unobserved heterogeneity between males and females.
The Model for Schooling
Each agent chooses the level of schooling, among S possibilities, such that he maximizes his The agent chooses the level of schooling with the highest benefit. Formally,
where s* denotes the individual's chosen schooling level. Notice that conditional on X s
) and θ, equations (3) and (4) can be interpreted as a standard discrete choice model.
The Model for Accumulated Experience
The model also treats accumulated experience as an endogenous outcome. Specifically, after solving for the optimal schooling level s, the agent is assumed to pick his experience level a(s) .
The Model for Hourly Wages and Monthly Hours Worked
For hourly wages and monthly hours worked, we consider schooling/experience specific models. 
The Model for Employment
= = + + + = K θ α β ϕ (5) where ) ( , s a E ϕ , ) ( , s a E β , E X , ) ( , s a E α ,
Schooling Performance: The Measurement System
The identification of the model can be established using the arguments developed in Carneiro, Hansen, and Heckman (2003) and Hansen, Heckman, and Mullen (2004) . The identification strategy assumes the existence of a set of measurements.
Let T i (i=1,…,n C ) denote the i-th measure. We distinguish the unobserved ability from the observed ability measure T i . This is important since T i is likely to depend on the characteristics of school as well as on the family background of the individuals by the time of the test. Thus, if X T denote these characteristics, we have
Since there are no intrinsic units for latent ability, we need to normalize one of the loadings in the system to unity to set the scale of latent ability. Therefore, for some T i
Notice that our assumptions imply that conditional on observables (variables contained in X), the dependence across all measurements, choices and outcomes come through the unobserved heterogeneity (θ).
Implementing the Model
The model with unobserved heterogeneity has the following ingredients: the schooling decision problem, the linear models for hourly wages and monthly hours worked (by schooling level s and experience level a(s)), the models for employment (by schooling level s and experience level a(s)), the model for accumulated experience (by schooling level), and finally, the system of measurements or school achievement. Unobserved heterogeneity appears as a determinant of each of these components. In this paper we assume that θ is distributed according to a twocomponent mixture of normals. Formally,
with this assumption we allow a flexible functional form for the unobserved heterogeneity.
We estimate the schooling choice model and the experience models using multinomial choice models. We assume that the idiosyncratic shocks in the equations describing the net utilities are normally distributed. The four schooling levels considered in our analysis are:
primary school, secondary school (or high school), some post-secondary education, and complete tertiary education (or college graduates). For accumulated experience we use three categories:
less than 10 years of experience, between 10 and 15 years of experience, and more than 15 years of experience.
In estimating the model, and since there is no sequential decision process, we use the schooling and experience level reported at the time of the interview. 9 For the models of wages and hours worked we use the information for the month previous to the interview. The same applies in the case of employment status. This is consistent with what we used in Section 3.
The measurement system uses the following variables: Average Grade during Secondary Education, Repeated Grade during Primary Education and Repeated Grade during Secondary Education. We normalize the mean of the factor to zero, and we normalize the loading to be equal to one in the equation for the Average Grade during Secondary Education Tables 8A and 8B display for a formal discussion of the method used in this paper. Table 9 presents the gender gaps in hourly wages obtained from the model with unobserved heterogeneity. The estimated gaps are in general sizeable and statistically significant. We do not observe clear patterns either by schooling and/or experience levels, although we consistently estimated the largest gender gaps among college graduates (regardless of the experience level considered). In this group we estimate that males make between 36 percent and 38 percent more than women. These differences are larger than those presented in Section 3. But Table 9 also presents a range for the gender gap in wages, which goes from -6 percent (but non-significant) for high school dropouts reporting less than 10 years of experience to 38 percent for college graduates with between 10 and 15 years of experience. Importantly, in only two cases do we estimate a gender gap below 15 percent. Therefore, our evidence indicates the existence of wage differentials that cannot be explained by observed or unobserved characteristics.
Main Results
As in the case of wages, the results obtained for hours worked show a range of values for the gender gaps. These are presented in Table 10 . We observe that the point estimates range between -6 percent (high school dropouts with less than 10 years of experience) and 18 percent (high school dropouts with between 10 and 15 years of experience). In this case, however, less than half of the estimates are statistically significant. For example, among high school graduates and college graduates we do not find significant gender differences. This is consistent with the evidence presented in Section 3, although the numbers in Table 10 show a broader picture of the gender gaps (if any) in hours worked. we observe a reduction in the estimated gap when we move from low to high experience levels (the only exception is observed among high school graduates). Second, the results suggest that schooling also helps to reduce the estimated gaps (there are only two exceptions in Table 11 ). In fact, among college graduates the estimated coefficients are -0.12 and -0.23 for experience levels "between 10 and 15 years" and "more than 15 years", respectively, 10,11 so the gap favors females in this case. Notice that, as in the case of hours worked, only a few estimates are statistically significant, and when significant, they are usually associated with low schooling and experience levels. Table 12 presents the results obtained for the four multinomial choice models used to study accumulated experience. The evidence in Table 12 shows how the gender gap diminishes with schooling. Specifically, the significant gender differences estimated for high school dropouts and high school graduates are 100 percent larger than those estimated among individuals with some college. Interestingly, we do not find significant gender differences among college graduates.
Our analysis of gender gaps in variables associated with the labor market leads us to conclude that (1) there are differences between males and females that cannot be explained with observable or unobservable characteristics, and that, in general, (2) these differences are larger among individuals reporting low schooling levels and they almost vanish among the more educated individuals.
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The model also allows us to analyze gender differences in schooling attainment and schooling achievement. It is worth recalling that the evidence presented in Section 3 suggests that females outperform males in these two dimensions (see Tables 6 and 7) . Table 13 and 14 repeat that analysis but now incorporate unobserved heterogeneity (latent ability). Table 6 , we see that the effects are now larger. Something is observed in the case of "repeating a grade during primary school," "repeating a grade during secondary school," and "average grades during high school." The results are shown in Table 14 . The evidence in this table suggests that females outperform males, that the differences are statistically significant and that they are larger than the ones presented in Table 7 . Specifically, when comparing the estimated 10 For the group of individuals reporting more than 15 years of experience and a college degree, the gender dummy perfectly predicts the labor status: the 29 women in this category reported a job during the week prior to the interview. 11 These coefficients are the point estimates of the parameters associated with the gender dummy variable, so they need to be interpreted cautiously since they do not represent the marginal effects. 12 The only exception to this point, and an important one, comes from the analysis of hourly wages.
gender gaps across tables we obtain 18 percent (0.26 versus 0.22) and 41 percent (0.17 versus 0.12) increments in the gender coefficient associated with "repeating a grade in primary school"
and "repeating a grade in secondary school," respectively. In the case of "average grade during secondary school" we obtain an increment of 6.4 percent in the gender gap (0.33 versus 0.31).
Can Unobserved Heterogeneity Explain the Gender Gaps in the Labor Market?
From the evidence presented in this paper we must conclude that this is still an open question.
Our results indicate that, after controlling for unobserved heterogeneity, there are nonsignificant gender differences in a variety of labor market variables among educated individuals (e.g., hours worked, accumulated experience, employment), but we still find gender differences among the other schooling groups. These differences can in principle be interpreted as "pure" discrimination. However, this interpretation requires several qualifications.
First, our empirical strategy assumes that a one-dimensional model of unobserved heterogeneity is sufficient to capture and control for selection (endogeneity) across different decisions. Nevertheless, previous studies have shown the existence of at least two underlying sources of unobserved heterogeneity when explaining labor market outcomes and social behavior.
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In this context, our one-dimensional model might be only partially capturing the unobserved heterogeneity in the data. The consequences of incorporating additional sources of essential heterogeneity on our results are hard to predict. In this context, we cannot discard the possibility that what we interpret as "unexplained gaps", can be in fact explained by, for example, heterogeneity in other unobserved traits (e.g., self-esteem or locus of control) or preferences (e.g., preferences for leisure).
14 Second, and following up on the previous point, it is interesting to notice that in our results the coefficients associated with what we identify as unobserved heterogeneity are not always significant. The strongest effect of unobserved heterogeneity are obtained for the 13 See Heckman, Stixrud, and Urzúa (2006) , and Urzúa (2008) . 14 It is worth noting that the assumption of a single source of unobserved heterogeneity can be relaxed depending on the availability of more comprehensive information at the individual level. These needs for better and more comprehensive information come from the identification argument of the models. Recall that the source of unobserved heterogeneity in this paper is identified using the schooling achievement variable. In order to identify additional sources of heterogeneity we would need additional variables in the measurement system. The availability of information on personality traits, IQ tests, or time preferences could allow the identification and estimation of more general models of unobserved heterogeneity. See Carneiro, Hansen and Heckman (2003) for details.
schooling variables (Tables 13 and 14) , and accumulated experience (Table 12) . Although the effects are sizeable for the other outcomes, they are usually non-statistically significant. This suggests that our source of unobserved heterogeneity is more closely related to scholastic ability, which apparently is not significantly valued in the Chilean labor market after schooling and experience levels are taken into account. Nevertheless, there might be other sources of unobserved heterogeneity that are indeed priced in the labor market. This again illustrates the potential benefits of extending the model to multiple dimensions of unobserved heterogeneity A different consideration regarding the robustness and interpretation of our results can be made by noticing that our empirical model assumes a single distribution of unobserved heterogeneity in the sample. The consequences of allowing gender-specific distributions on our previous results are (again) hard to predict, but we believe that the complications of such an extension would most likely dominate any potential new insights; this is because the identification of gender-specific distribution has additional complications and it relies on even stronger assumptions than the one already made. 15 Besides, from an intuitive point of view, we do not find a priori deep reasons to believe that there are gender differences in the distributions of unobserved heterogeneity. It is because of this remarks that the estimation of gender-specific distribution is left for future research.
Conclusions
In this paper we present a comprehensive analysis of the gender gaps in a variety of labor market outcomes for Chile. The analysis is carried out using two different approaches. The first approach follows the literature by estimating linear and nonlinear models of a variety of variables on different observable controls and the gender dummy. This approach does not pay attention to potential selection problems (endogeneity). The second approach is more general. It allows for the presence of individuals' unobserved heterogeneity that is assumed to be the cause of the endogeneity problems in the conventional approach.
Our main results are robust across the approaches. They suggest the existence of gender gaps in labor market variables that cannot be explained by observable or unobservable 15 Specifically, even though we can assure the identification of gender-specific variance/covariance matrices, the identification of gender-specific mean differences in the distribution of unobserved heterogeneity would require the existence of at least one discrimination-free variable. The selection and existence of such variable(s) is arguably non-trivial as well. See Urzúa (2008) for details.
characteristics or by underlying selection mechanisms generating endogeneity. Nevertheless, the findings from the model with unobserved heterogeneity indicate that the gender gaps critically depend on the schooling level of the individuals considered in the analysis. This is particularly important among college graduates. For this group, gender differences are in general nonsignificant.
The evidence also demonstrates that females outperform males in schooling achievement and schooling performance. This is observed regardless of the approach, but we find the stronger effects in the model with unobserved heterogeneity. These gender differences favoring women represent an argument against the conventional idea that labor market differences can be interpreted as the result of gender differences in human capital.
Overall, the estimates in this paper could lead us to conclude that women are effectively discriminated against in the labor market, with the largest gender gaps observed among the less educated groups. However, we prefer to interpret our results cautiously. We believe that the availability of better data and the estimation of even more general models than the one considered here could indeed explain some of the unexplained estimated gender gaps. Notes: (a) The experience levels correspond to the accumulated experience declared during the interview. Post-secondary education includes includes technical education (complete and incomplete). (b) The shooling level corresponds to the schooling level declared in the sample. Post-secondary education includes includes technical education (complete and incomplete). Table 8A . Variables in the empirical implementation of the model Outcome Equations
Notes: (a) Hourly wages, monthly hours worked and employment models are estimated for four different schooling categories (primary, secondary, some tertiary and complete tertiary) and three different levels of accumulated experience (less than 10 years, between 10 and 15 years, and more than 15 years). In each case, the labor market outcome refers to the previous month individual's outcome; (b) Accumulated experience is modeled with a multinomial choice model. The categories considered are: less than 10 years, between 10 and 15 years, and more than 15 years. The accumulated experience corresponds to the retrospective information reported by the individual at the time of the interview. The shooling level corresponds to the schooling level declared in the sample. Post-secondary education includes includes technical education (complete and incomplete). (a) Among high school dropouts, the characteristics of the place of residence perfectly predict the labor status, so those variables are excluded in these cases. (b) For the group of individuals reporting more than 15 years of experience and a college degree, the gender dummy perfectly predicts the labor status: the 29 women in these category reported to be working (34 out of 37 males report to be working). Since the gender coefficient is the main interest of this table we do not include this model here. 
